Introduction
As humanity reaches further out into the cosmos with our unmanned probes, the idea of putting the full responsibility of an exploration mission on a single platform is not as scalable as man-kind's curiosity. To counteract this, many research organizations are looking into new, innovative methods to distribute mission tasks across several smaller vehicles, either collaborative or independent, to pursue riskier science objective without critically risking mission success in a planetary exploration setting[2, 1, 3]. One such concept, proposed by Sunspiral et. al [1] , from the NASA Ames Intelligent Robotics Group (IRG), is the utilization of tensegrity structures as the mobility platform. The IRG's mission concept used the tensegrity robot as not only the planetary exploration vehicle, but also the landing device, reducing single-use mass such as parachutes or balloons typically of today's missions [1] . IRG's main test platform for this study was the SUPERball bot, shown in 1.1, which is an actuated tensegrity robot. However, control of this platform and many others has not been trivial and has been approached in a variety of ways in simulation and hardware [?, 4, 5, 6] , but the physical implementations are always lacking in capability compared to their virtual counterparts. In the conclusions section of IRG's 2015 NIAC Report[1], they stated that future works will look into new sensor technologies for improved state estimation and localization. This thesis outlines a method of improving this capability, with technologies already availible on the SUPERball bot [1], through Zero Velocity Update-aided Inertial Navigation Systems using strut-mounted Inertial Measurement Units and investigate other instrumentation configurations with the potential to improve state estimation of tensegrity robots. Tensegrity, a concatenation of the words Tensile Integrity, describes a method of construction that develops structures by suspending a collection of discontinuous rigid elements in a network of continuous tensile cables. These configurations allow perturbations of the structure to affect all members creating morphological permutations. In their most common form, which is a structure comprised entirely of two-force members, creates a situation where each member only encounters axial loadings. This distributive property allows for these structures to be created with minimalistic material usage, and broadens the scope of possible materials to non homogeneous composites which are hard to implement in many mechanical applications. These unique structures, which began their history as sculpture, have been widely used in architecture, used to model structures in biology, and in recent years, robotics.
One of the first topics of interest was that of tensegrity geometric form-finding. Skelton et. al.
[7, 8] provided a well accepted generalization of tensegrity classes and analytic tools for determining structural equilibrium, which are the conditions required by a tensegrity structure to for a stable volume. Several analytic methods can be used to develop topologies for what are known as "regular" tensegrity structures, which are typically comprised of one or more, known, symmetric, stable tensegrity patterns [7] . However, much research has been performed, with varying results to develop new methods of form-finding, typically using some form of genetic algorithm, with varied results in terms of success rate and computational complexity [9, 10, 11, 12, 13, ?] .
Another topic of interest in recent literature is the controlled locomotion of tenesegrity structures. Many do this by altering the geometry to shift the center of gravity of the structure by changing the lengths of the tensile or compressive members [14, 1, 15, 16] or by moving an internal payload [1] . The control of these motions are also an active field of research with most works utilizing genetic algorithms to breed a collection of Central Pattern Generators to create actuator commands [17, 6, 1, 14] or by deploying reinforcement learning directly on actuator controls [18, 19, 20] . 
Tensegrity in Robotics
Utilizing the body of a robot to offset the computational load of a digital controller has been increasing in interest among the robotics community as research interests have transitioned from precise control to adaptability. The idea is that the intrinsic dynamics of a mechanical structure interacting with its environment can have emergent intelligence on its own [21] . That is, a physical body can perform computations to achieve goals such as manipulation and locomotion without the need for a controller [21] . This idea of using these analog computations using a robots physical body has been termed, morphological computation [22, 23] . Paul et al. [22] demonstrate how one can perform elementary logic operations with mechanical systems rather than their electronic counterparts.
Likewise, Pfeifer et al. [23] provide an excellent example how a robotic fish, with only one degree of actuation on its tail, can perform a variety of maneuvers with just slight variations of how the tail wiggles. Instead of requiring additional fins for control maneuvers, increasing complexity to the controller, it exploits the environment it is interacting with through morphological computation [23] .
A tensegrity is a concept that aligns easily with this idea of morphological computation and can be witnessed in multitudes of natural and artificial examples. Many have been utilizing tensegrity structures in robotics applications in the hopes of creating highly adaptive mobility platforms.
Researchers at the Intelligent Robotics Group, out of NASA Ames, have been looking to use Tensegrity structures as a means of combining the lander and the rover for future planetary exploration missions. The unique strength properties of tensegrities would allow them to not only survive the impact of landing, but explore areas of interest that would be deemed too risky for traditional wheeled rovers. Most research on tensegrity locomotion has been performed using the icosahedron geometry [1, 17, 6, 4, 5] , which is the mechanically simplest spherical tensegrity structure. While the controlled locomotion of these structures has been an active topic, as discussed in the last section, deploying these new control actions on hardware has been a challenge. As stated in the closing remarks of the final report for the Phase II NIAC SUPERball project the researchers involved had this to say about next steps for future works,"Our first steps will be to continue exploring sensor technologies that can provide critical information needed for state estimation and localization"[1].
This states a need for better state estimation, a topic that is yet still lacking in literature with relatively few publications directly addressing the issue [17, 24] .
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Chapter 3 Inertial Navigation System
Inertial Measurement Unit
At the heart of any INS is the IMU. The most basic of IMUs have accelerometers to measure specific forces, and gyroscopes to measure angular rates of a body. Many IMUs have additional sensors collecting useful information for navigation such as magnetic fields, altitude, and temperature. However, for this work will focus on utilizing the former style which provide 6 DOF, 3-axis acceleration and 3-axis angular rates, rigidly mounted to the body of the platform.
INS Mechanization
The INS in this report will use a typical strap-down mechanization, following the implementation presented in [25] . The IMU reports angular rates, , and specific forces, a, at a fixed timestep, t.
Multiplying these reported values over the known timestep will give us the change in orientation and velocity, and v respectively. These deltas are then used to update the attitude, velocity, and position states. To compliment the IMU updates, an Extended Kalman Filter (EKF) monitoring the error states of the system to account for drift introduced during integration. The error states are represented by δx = [ϕ δω δr δv δa], where ϕ are the attitude errors, δω are gyroscope biases, δr are position errors, δv are velocity errors, and δa are accelerometer biases. For each cycle, the filter produces error estimates that are accounted for in the INS, then clears the error state vector δx back to zero. The state transition matrix for the discrete-time dynamics model is
The rotation matrix C n b transforms vectors from the body frame, or b-frame, to the navigation frame, or n-frame. This transformation is needed due to the IMU reporting values in the body frame of the platform, but navigation values such as velocity and position will be represented in the n-frame.
The S(f n ) expression represents the skew-symmetric matrix
created from the n-frame accelerometer output vector f n = C n b (∆v b ∆t) . This allows for attitude errors to propagate in the n-frame allowing for corrections based on n-frame velocity and position estimates.
We start the Kalman filter process by propagating the error covariance matrix with the following equation:
WhereP k+1|k is the estimation error covariance matrix at time k + 1 based on measurements received through time k, and Q k is the process noise covariance matrix. In this case, we do not need to propagate the states with the time update equation δx k+1 = Φ k δx k because the EKF will transfer the error states to the INS and reset them to zero after a measurement. If we take the measurement 
where H is the Jacobian ∂h/∂x. Thus, the measurement model for the error-state filter will be
where the INS innovation v ≡ z − h(x ) acts as the measurement for the error-state filter. After a measurement, the EFK then updates the state with
Where the Kalman gain K is calculated using
Finally, the covariance matrix is updated using
Zero Velocity Update
A common method for reducing INS drift over time is to implement a Zero Velocity Update (ZUPT).
ZUPTs are very common in pedestrian navigation systems where at some point in the motion it can be inferred that there are regular intervals of no translational moment. In the case of pedestrian navigation, for example, there are instances in the walking gate where the foot is resting on the ground and has no translational movement. When a zero-velocity update is initiated, it is assumed that the velocity during the period the foot is stationary, is zero. Thus, the velocity states in the state estimator are reset to zero. This in turn eliminates any error accumulated in the velocity states between ZUPTs. To implement these updates, there must first be a method to detect when these moments of zero velocity. There are a variety of methods used to build zero velocity detectors in literature, but the method that will be implemented in this study, based on the evaluation study performed by Skog, et al [26] , will be the Angular Rate Energy (ARE) detection method due to its computation simplicity and performance compared to other similar detection methods also review in [26] . The implementation of the detector is a binary hypothesis testing problem, where we are testing to see if the IMU is in one of two states, moving or stationary. In the following statements the nomenclature used will also follow that of [26] . The IMU is determined to be stationary if
Here, n is the time instant, z ω n is the measurement sequence of the IMUs gyroscopes, T (z ω n ) represents the quantification metric for the detector implementation, and is the detection threshold. The detector metrics are then represented as
Here, σ 2 ω is the noise variance of the gyroscopes, W is the number of observations to be considered, and y ω k is the measured angular rate vector from the gyroscopes. This detector is tuned using the W and γ parameters. Increasing the observation window will reduce false detections but reducing the detector response time. Modifying the detection threshold sets the noise tolerance on the detector, which can allow for some leniency for underdamped, residual vibrations that can occur when coming to a stop after an impact.
ZUPT-aided INS
The implementation of the zero-velocity update will also follow the procedures used by [25] . When a stationary period is detected, the update procedure in the EKF is modified to take into considerations the extra assumptions associated with the ZUPT. During a ZUPT we assume a velocity pseudo measurement of z = 0 0 0 T causing the velocity component of our INS innovation, ν, to be the negative of the most current velocity. With H = 0 0 0 I 0 , to select the states corresponding to the velocity, the covariance matrix is set to R = I × max(trace(HPH T ), (1 mm/sec 2 )) (3.10)
to avoid instability that could occur during such a sudden reduction in covariance.
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Chapter 4
Avionics and Platform Design
This chapter will outline the design of WVU IRL's Generation VII Avionics: Autopilot, which is used by this research, as well as many other tasks at IRL.
Generation VII Avionics
The design of and utilization WVU's avionics system for sub-scale fixed-wing UAVs began through efforts made by the WVU Flight Control Systems Lab, and has continued to evolve and be used by IRL and the WVU Navigavtion Laboratory. Historically, the avionics system has comprised of multiple PCBs collaborating to collect sensor data, process information, and distribute actuator commands. Each iteration of the avionics system allowed for a wider selection of instrumentation options,faster processing, and more efficient packaging.
The Generation VII Avionics system had an additional design goal over its predecessors: the ability to be used by many robotic vehicle configurations, including, but not limited to: fixedwing UAVs, multi-rotor UAVs, and rovers. To meet these goals, the flagship PCB design for the For vehicle safety, there is intelligent Autopilot to Human-pilot RC switching circuitry to ensure that if a pilot needs to take control of the vehicle away from any Autopilot software with commands generated by the Netburner Module, they can do so. There is an additional ATtiny85 microprocessor on the PCB monitoring a specific RC channel, dedicated to switching the autopilot control on and off, regardless of any processes happening on the main processing unit. This Attiny85 will activate a set of AND logic gates, with the other input coming from the Netburner requesting to command specific motor outputs, illistrated in Figure 4 .2. Unless the AND gates are receiving TRUE signals from both the Netburner requesting access to a specific motor, and the ATtiny determining the pilot is relinquishing control, the motor commands will be directly coming from the RC receiver. To pass through PWM signals generated by the Netburner for autopilot control, two digital signals must be activated. The first is the Autopilot engage signal from the pilot command interpreted by the ATtiny85, and the second is the channel-specific control command from the Netburner allowing for the ability to control specific actuators. For example, the autopilot may control only the surfaces, but leave the throttle command to the pilot's discretion.
This default action of passing through the pilot commands works even if power is removed from the Autopilot, so the vehicle can be remotely controlled even during a power failure of the PCB.
Applications of G7AP in Past Works
Since development of the G7AP, it has been involved in a variety of applications. Initially, it was installed on a Quad-rotor UAV used in the study conducted in [27] . This low cost platform, as shown in 4.3(a), was the perfect development environment for testing earlier iterations of the PCB, and work out any design flaws. It was later used to modernize the avionics payload of the flight of Phastball UAVs, 4.3(b), used to conduct research operations at WVU such as in [28] . It was used to in ground vehicles as well, including the Mountaineer Mining Vehicle, pictured in 4.3(c), that was entered into the 2017 NASA Robotic Mining Competition.
After several successful implementations of the G7AP, a line-up of companion, and spin-off, designs were developed for more platform-specific implementations. For the Phastball UAVs, a PCB was developed to be installed in the nose cone of the vehicle, as seen in 4.4(a) to house a Novatel GPS reciever, RF modem for ground station communications, pressure sensors, wind vanes, and a temperature/humidity sensor. an additional Netburner MOD5213 was included on the PCB to collect sensor data then either log it to an SD or and communicate the information an accompanying Autopilot or companion computer. A complete overview of the Phastball electronics package is explained in further detail in [28] . Another Autopilot-inspired design was the Navigation Sensor 
Instrumentation and Platform Design for ZUPT-aided INS and Tensegrity State Estimation
For the procedure carried out in the later chapters of this document, two hardware platforms were developed. The first, used for collecting IMU data for zero-velocity detector development and ZUPTaided INS implementation on a system with periodic intervals of rest, was a firefighter's boot outfitted with a G7AP, as shown in 4.5. The PCB was powered using a USB battery pack for charging mobile For a tensegrity platform, it was desired to have a design that was large enough to mount several devices to as well as sturdy enough to withstand some rather harsh testing, such as rapidly rolling down a hill. The final mechanical design is shown in 4.6. It is comprised of a collection of 4 foot, 1-inch diameter, aluminum tubes suspended by 1/4 inch steel cables. Then, to instrument the structure, the same G7AP setup conceived for the boot is attached to a strut. 
Experimental Methods and Results

Data Collection Trails
As mentioned in chapter 4, the G7AP is the main data collection device used for gathering inertial data in this study. The IMU used is the ADIS16485 by Analog devices, and is captured at a rate of 100 Hz. To validate out INS solution, a Vicon External motion capture system was used to represent our ground truth.
Boot Data Collection
For the first data collection campaign,conducted using the boot platform seen in Figure 4 .5 trails were conducted in three configurations: stationary, square, and irregular. For the stationary IMU data configuration, the boot was left in a single location undisturbed for 20 minutes, no motion capture information was collected for this trial and the change in position and orientation was assumed zero.
The second trial collected data continuously for an hour walking in a two-meter square for 1 hour, followed by a short 5-minute period of irregular movements.
Tensegrity Data Collection
For the second set of experiments, the tensegrity structure, shown in Figure 4 .6 was used. One of the struts was then outfitted with the Autopilot PCB used on the boot platform. The first trial conducted on this platform involved slowly transitioning the object, by hand, to different triangles of the structure. The second trial involved more forceful disturbances, throwing the structure from one side of the room to the other, followed by short periods of rest to allow for vibrations to settle.
Results
ZUPT Detector Tuning
To gain an initial understanding of the zero-velocity detector, the minimal threshold and window size were found so that on the stationary dataset of the boot, the ARE detector was always determining that the body was stationary. A window size of 3 was selected so that the threshold term could be used as the sole tuning parameter. Through trial and error, the threshold term was found to be stable at a value of 25. After the initial settings were decided upon, the detector was tested on a segment of the larger 1-hour trail to see if the ZUPT updates were triggered at the correct moments in the gait. Initially, the Zero velocity detector did not detect any of the resting moments. This is likely due to small residual motion in the system after each step, and slight movements. Thus, a second round of tuning was required for a walking experiment. In Figure 5 .1, you can see the results of different values for the ARE detector. The initial value of never detected a rest period as explained before. The 10,000 threshold was characterized the resting period well, but triggered
ZUPTs when there were still obvious vibrations in the system after a step and periods with slight movements about one or more axis. The 1000 threshold was the best compromise as it triggered only when the system was truly at rest. Also, as expected the parameters for the boot also did not immediately work on the Tensegrity structure. However, instead of increasing the threshold, it had to be decreased significantly in order to cancel out oscillations within the structure. With a threshold of just 1, an acceptable zero-velocity response was achieved. As seen in Figure 5 .2, There are points in the trajectory where a ZUPT can be performed, but due to the more irregular intervals in the motion, they are triggered less often than on the boot platform. On the aggressive dataset, the same threshold had an acceptable response, but was given even fewer opportunities to achieve zero-velocity due to oscillations in the system.
Trajectories of ZUPT-aided INS
When the tuning was complete the trajectories of the INS without ZUPT and with were compared.
However, the EKF was unstable without the use of ZUPT, and at the time of writing this report has not been resolved. However, there was stability when ZUPTs were taken into consideration, as seen in Figure 5 .3. There is significant drift in the z and yaw, more so than expected. This may indicate some deficiency in the sensor modeling in the EKF implementation and/or misalignment in the sensor axis. tens of seconds after a disturbance, as seen in Figure 5 .2, the IMU rarely encounters an instant of rest in which to initiate a zero velocity update.
Future Works
To address the shortcomings displayed in this thesis, future works will proceed as follows: modify sensor placement and mechanical design for improved ZUPT, and look into different sensors and sensor-fusion techniques to further improve the state estimate capabilities for tensegrity robots.
To improve Zero-velocity Update performance, future design will incorporate "feet" which will be passive platforms with a pivot located at the end-cap of each strut. These feet will lay flat on the ground and allow the strut to move freely in relation to it through a ball-joint. This will provide a plaform to house an IMU that will have periods of zero velocity much more frequently than an IMU mounted mid-strut. A preliminary design can be seen in Figure 6 [6] Iscen, A., Agogino, A., SunSpiral, V., and Tumer, K., "Controlling tensegrity robots through evolution," Proceedings of the 15th annual conference on Genetic and evolutionary computation, ACM, 2013, pp. 1293-1300.
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